Abstract-It has become increasingly clear that signalling pathways are extensively interconnected and are embedded in networks with common protein components. These components do not exist in isolation but may gather together to form crosstalk modules. Constructing these crosstalk modules has emerged as a good method to understand the mechanisms underlying the propagation of transduction signals in cell. In this paper, we have presented an advancement of the method, which is chiefly used to integrate multiple topological and functional data to detect crosstalk modules between nuclear factor kappa B (NF-kB), p53 and theG1/S phase of the cell cycle systems. Applying the Expectation Maximization (EM) clustering algorithm, our results were comparable to the k-means algorithm. The EM algorithm as a soft clustering method is able to distinguish overlapping parts among clusters, and here we show that it is potentially more effective than the k-means algorithm in detecting the cross talking modules involved in the network interactions between the two systems NF-kB and p53. In addition, the biological analyses support our findings, and propose testable hypotheses to which the functional networks are involved in along with their associated human diseases.
I. INTRODUCTION
In this post-genomic era, understanding the complex networks of interacting genes, proteins, hierarchical connection across space, and small molecules that give rise to biological form and function is a major challenge since data on molecular interactions are increasing exponentially. Measurement of this flood of information can be undertaken in a high-throughput, multivariate manner using various kinds of array technologies. Since this multivariate technology, data is then relatively intractable to hypothesis generation, computational algorithms for mining the data to generate hypotheses concerning the potential interpretation of these datasets is necessary. Consequently, in order to develop new predictions for experimental test or design, computational modelling is required for similar reasons [1] .
Signal transduction systems are complex biological networks that allow the cell to receive, transmit, and act upon molecular signals. Although these networks are essential for the correct functioning of the cell, they have also been reported to themselves result in abnormal cellular transformation or differentiation, often producing a pathological disease outcome [2] . NF-kB and p53 systems have attracted a widespread interest because of their central role in several human diseases [3] , [4] . NF-kB exists in most cell types as a homodimer or heterodimer of a family of structurally related proteins, and is particularly important in modulating the expression of immune-regulatory genes. NF-kB has been shown to interact with other signalling networks resulting in complex non-linear responses to different combinations of stimuli [5] , [6] . One of the most relevant networks interacting with NF-kB is p53, a tumour suppressor that upon DNA damage recognition mediates the activation of defense mechanisms, such as DNA repair, cell cycle arrest and eventually apoptosis [7] . The critical role of p53 in tumour suppression is underscored by the observation that over 50% of all cancers involve a disruption of this system [8] . Deciphering the interaction between NF-kB and p53 systems is appealing since it would be useful in gaining a deeper understanding on the cellular response to external stimuli. Most of the work on uncovering the interaction between these two networks has been done by traditional biological experiments [6] , [9] .
To improve the understanding of signalling networks, some groups have taken advantage of the published data on protein-protein interaction (PPI) networks of signalling systems (assuming that signal transduction is mainly dependent on specific protein-protein interactions [10] , [11] , and have tried to computationally reconstruct those networks. Some of the methods used for this purpose are the Markov chain Monte Carlo method [12] , the computational algebra method [2] the cost search functions method [13] , the shortest path profiles computation [14] and others. Even though, the aforementioned works achieved interesting results, they mostly considered signalling networks as independent linear cascades. Nevertheless, we know from literature that signalling networks do not exist in isolation, but are likely to interact or influence each other to perform a complex signalling task in cell [15] - [19] . For this reason, associating the NF-kB and p53 system with some cell cycle proteins, in particular, the G1/S phase cell cycle proteins [20] - [23] have also been investigated in this study. Cell cycle proteins were considered since previously published literature showed some of its proteins to be activated by one pathway and to be relevant for the regulation of another [20] , [22] - [24] ; and thus EM Clustering Based Approach to Decipher Functional Modules in Cross- Talking Signaling systems Thanh-Phuong Nguyen, Adaoha E. C. Ihekwaba, and Corrado Priami may be useful in showing a level of complexity not visible by looking at the NF-kB and p53 systems alone.
Our objective is to model functional modules of network interaction between NF-kB, p53 systems, and then between these two systems and the G1/S phase cell cycle systems. We did not consider proteins as individual elements as it was done in previous work [11] - [14] , but we analyzed their interplay in performing signalling crosstalk both topologically and functionally. To this end, the integration of multiple data was carried out to achieve a comprehensive view of how these systems interact with each other.
In this paper, we present a new computational method to detect functional modules cross talking between NF-kB and p53 systems that combine and mine multiple data. First, from the large-scale human protein interaction networks, our method computes all the connecting proteins (CPs) that are likely to be shared between two signalling networks. Then we proceed to extract numerous topological and functional data relating to the connections from multiple data sourcessuch as the Universal Protein Resource (Uniprot) [25] , the Interologous Interaction Database (i2d) [26] , the Reactome [27] and the InterPro database [28] -and integrated them in a multi-relational scheme. Finally, we applied the Expectation Maximization (EM) algorithm to mine and detect the functional modules between the two systems NF-kB, p53. To estimate the performance of the method we calculated its case likelihood and compared it to that obtained for the k-means algorithm, a hard clustering method. The better case likelihood shows that our soft clustering, EM algorithm is more suitable to discover crosstalk in the propagation of transduction signals between NF-kB and p53 networks. This work was extended to unveil the functional modules of the network interactions between NF-kB, p53 and cell cycle systems. The obtained results of this extension confirmed the better performance of the EM algorithm than the k-mean algorithm. In addition, we also analyzed the biological functions of the clustered networks to assess the biological relevance of the findings. The analysis gave interesting insights on the biology of NF-kB and p53 signalling networks that could be the starting point for new studies on the regulation mechanisms underlying the pathophysiology of various diseases.
The remainder of the paper is organized as follows. In Section II, we present our proposed method to detect crosstalk modules of the p53 and NF-kB networks. The results of the proposed methods are given in Section III. Some biological relevance is analysed in Section IV. Section V provides some concluding remarks.
II. MATERIALS AND METHODS
In this section, we present our proposed method for the detection of the signalling crosstalk modules. Algorithm 1 describes our method that consists of three main tasks: (i) Computing the CPs between pathway networks, (ii) Manipulating and combining multiple data, and (iii) Constructing crosstalk modules using the EM algorithm. 
Output:
Set of crosstalk modules Ψ.
Step 1: Identify proteins joining the systems under investigation
Step 2: Model protein interaction networks of from the set Φ Φ.
Nf κB :=
Step 3: Find the shortest paths p between every pairs of two proteins (p i , g j ) (p i , g j are proteins belonging to two different systems).
( Ρ is the set of all shortest paths)
Step 4: Compute connecting proteins c i joining path p, p Ρ. Ω:= {c i }
Step 5: For each connecting protein c i
Step 5.1 : Calculate two topological features, degree f dg and cluster coefficient f cc from the constructed networks
Step 5.2: Extract functional data for three features, abstract function f func from the Uniprot database, biological process f pw from the Reactome database, and protein domain f dm from the InterPro database
Step 5.3: Combine both topological data and functional data by a multi-relational scheme.
Step 6: Run EM algorithm to construct functional modules from cross talking systems s i based on combined data. Ψ := {s i }.
Step 7: return Ψ.
In Algorithm 1, Step 1 is to identify proteins joining the two systems NF-kB and p53; then in Step 2, the PPI network of these proteins is extracted in Step 2. Steps 3 and 4 are to compute connecting proteins between pathways. Steps 1 to
Step 4 are explained in greater detail in SectionII-A, and were partially reported in our previous paper [29] . In Step 5, we carry out the data extraction and the data combination by using a multi-relational scheme. The reference databases are showed in TABLE I.
Step 6 is for constructing the crosstalk modules between the NF-kB and p53 by applying the EM clustering algorithm. The output is the set of the crosstalk modules.
A. Computing Connecting Proteins Between Networks
The complete protein network of NF-kB and p53 systems were modeled based on binary interactions. First, we identified the proteins joining the two systems. There are five proteins belonging to the NF-kB family known in mammalian cells: RelA (also known as p65), c-Bel, RelB, NF-B1 (p50/p105  ), and NF-kB2 (p52/p100). Additionally, NF-B exists in the cytoplasm in an inactive form  associated with inhibitory proteins termed I-B, of which  the most important ones are I-kB , I
 -kB , and I  -kB. In the p53 network, p53 protein binds to the regulatory region of the MDM2 gene and promotes its transcription [30] . TABLE II lists protein members of the systems considered in the study (highlighted proteins are reported to be activated in one system and involved in the regulation of another).
We investigated the binary protein interaction network extracted from the i2d database as an undirected graph G(E,V) consisting of a set of nodes (proteins) V and a set of edges (interactions) E between them. An edge e ij connects vertex v i with vertex v j . Proteins that act as intermediates in the signal transduction can be uncovered by searching the shortest paths between networks. If the PPI networks here constitute an unweighted graph, the weight function f can be considered as a path length l (the number of edges in path p). In this case, the shortest path problem consists in finding a path p having the minimal path length. A Breadth-First Search algorithm [31] has been employed to find the shortest paths between two nodes. The shortest paths may have different path lengths (l = 1, l = 2, l = 3, l = 4, etc.). The nodes which belong to the shortest paths, except the starting nodes and the ending nodes, are called connecting proteins (CPs). Playing the roles of intermediate molecules, the CPs themselves do not act independently, but functionally group into signalling crosstalk modules used in connecting the two systems.
B. Manipulating and Combining Multiple Data
The crosstalk modules in the NF-kB and p53 systems were identified by both topological and functional properties. As a result, in order to construct the modules we investigated two types of data: (1) topological data representing the relationship between a CP and its network neighbours, and (2) functional data representing biological information of a CP.
The topological data was used in form of two key measures based on the protein interaction network obtained from the i2d database. The first one is the degree of a CP, which is the number of its neighbours. Node degree is one of the principal measures used to study the topology of a network. The neighbourhood N for a node v i is defined as its immediately connected neighbours as N = {v i } : e ij ∈ E [32] . The second one is the average clustering coefficient C(k), which characterises the overall tendency of nodes to form clusters or groups; and C(k) the average clustering coefficient of all nodes with k links is an important measure of the network structure [32] .
The three different categories of functional data that were incorporated include: abstract function, biological process and protein domain. The abstract functions are the protein keywords documented in the Uniprot database including protein function, subcellular localization, structure, relevant mutations, and others. Fig. 1 depicts the occurrence of protein keywords of investigated CPs. Since the proteins in the crosstalk modules are likely to participate in the same cellular processes, data on the biological process from the Reactome database also was combined. The protein domain data obtained from the InterPro database gives information on the different domains present in the CP. Protein domains are defined as structural or functional elements within a protein and affect the way that the proteins interact with each other and compose the crosstalk modules. Since different databases have different names for each entry, the Uniprot accession number for identifying a protein was used as our standard and thus all CPs' names were converted and mapped accordingly to their Uniprot accession numbers.
To store and integrate the acquired data, a multi-relational scheme was appropriately structured in form of tables (with columns and rows) and relationships between tables in the SQL Server Database Management. The data types are heterogeneous, since the abstract function data, the process data and the domain data are in form of a categorical free text, while the node degree and the cluster coefficient are numerical values. For example, protein IKBA_HUMAN (NF-kappa-B inhibitor alpha) with node degree equal to 60 and cluster coefficient equal to 0.05826, contains many keywords, such as Phosphoprotein, 3D-structure, ANK repeat, Cytoplasm, Disease mutation, e.t.c.; takes part in two processes, such as signalling by NGF, signalling in Immune system; and has two domains ANK and NF-kB inhibitor. In this regard, the heterogeneity in the data makes the use of traditional clustering methods unsuitable in clustering multiple relational data and underlines the importance of using a multi-relational clustering approach in the detection of CPs propagating transduction signals across systems being investigated based on their relational data. The network was computed using the COSBILab Graph software [33] . The data extraction was implemented in the Python programming language 1 and was derived from the 1 http://www.python.org library BioPython 2 .
C. Detecting Crosstalk Using Multi-Relational Clustering
Multi-relational data mining (MRDM) involves pattern search in multiple data tables with multiple relations from a relational database, unlike most existing data mining approaches that restrict search in a single data table [34] . With the rapid growth of public biological databases, MRDM can be widely applied to discover complex patterns through the rich relational structure and the mixed-up types of data. Multi-relational clustering is the process of partitioning data objects into a set of clusters based on their similarity, utilising the information in multiple relations [35] . Due to the notable characteristics of multi-relational clustering, we employed this technique for inferring crosstalk modules.
The crosstalk modules do not separate but share some common CPs and their interactions. For this reason, the EM algorithm was used to perform the clustering task. The EM algorithm is a soft clustering method, this means that a data point always belongs to multiple clusters, and that a probability is calculated for each combination of a data point and a cluster. We applied the EM algorithm in the SQL Server 2008 Analysis Services (SSAS) since it allows the user to explore data in multiple relational tables 3 . In the EM algorithm, an initial cluster model is iteratively refined to fit the data and the probability that a data point exists in a cluster is produced. The fitness function is the log likelihood of the data given the model. The process ends when the probabilistic model fits the data.
III. RESULTS

A. Functional modules from cross talking NF-kB and p53 systems
After computing the shortest paths between the p53 and NF-kB networks, we found 112 CPs joining at least one of these paths. The multiple data of the 112 CPs were extracted from four databases (the i2d database, the Uniprot database, the Reactome database, and the InterPro database) and integrated by the multi-relational scheme and manipulated in a corresponding relational database. This database consists of 2,086 data records of the abstract function feature, of which 265 represents the biological process feature, and 761 for the protein domain feature.
Based on the combined data, the clusters of CPs were produced by running the EM algorithm. The number of cluster were set to 5 and other parameters were set to default values. Fig. 2 shows the graphical view of five produced clusters. Each cluster is presumably a crosstalk module of CPs between the NF-kB and p53. Clusters 1 and 3 have the largest population with 28 CPs, followed by cluster 2 with 21 CPs, cluster 4 with 19 CPs and finally cluster 5 with 16 CPs. The thickness of the line connecting the clusters indicate the degree of similarity of the links.
It is apparent from 0, that cluster 3 is strongly related to clusters 1, 2 and 5 and loosely to cluster 4. There is no apparent relation between cluster 4 and clusters 2 and 5. To evaluate the performance of the EM algorithm, we also performed the k-means clustering of the same data set and compared the goodness of the two methods. The k-means clustering is a popular hard clustering method predominantly used to assign cluster membership. It works by minimizing the differences among items in a cluster while maximizing the distance between clusters.
The goodness of the two methods was calculated in term of case likelihood. Case likelihood is defined as the sum of cluster likelihood scores for each case (a case here is simply defined as a record of a CP in the Microsoft SQL Server database), divided by the number of cases in the partition.
The case likelihood indicates how likely it is that a case belongs to a particular cluster. The case likelihood values range between 0 to 1 with a higher value indicating a higher probability of occurrence of a case in the model. We performed a 3-fold cross validation for both the algorithms. In 3-fold cross-validation, the original set data set is randomly partitioned into three subsets. Of the three subsets, a single subset is used as the validation data for testing the model, and the remaining three subsets are used as training data. The cross-validation process is then repeated three times (the folds), with each of the three subsets used exactly once as the validation data. The final estimation is the average of three results from the folds [36] . Table III shows the results of the 3-fold cross validation done for the EM algorithm and the k-means algorithm respectively.
The EM algorithm achieved a considerable case likelihood of 81.7%, meaning that 81.7% of cases were most likely clustered appropriately. This was relatively higher than the case likelihood of 74.6% obtained for the k-means algorithm. The EM algorithm, being a soft clustering method, was able to distinguish overlapping parts among clusters, and here we show that it is potentially more effective than the k-means algorithm in detecting the cross talking modules involved in the network interactions of the two systems NF-κB and p53.
B. Functional modules from cross talking p53, NF-κB and the G1/S phase of the cell cycle systems
Since it has been suggested, that some cell cycle proteins are activated by one pathway and are relevant for the regulation of another [36] , [36] - [37] , it was of interest to investigate the interaction between the NF-κB, p53 and the cell cycle systems. For this study, only events leading to the G1/S transition phase of the cell cycle, the point where NF-kB and p53 signal transduction events are active the most [38] were considered. We repeated the analysis (shown in above section) to include interactions between the rest of the G1/S cell cycle proteins (RB_HUMAN, CCND1_HUMAN, CDN1B_HUMAN, and E2F1_HUMAN) and the members of the p53 and NF-κB networks. We obtained 106 CPs between these three systems. Please note that this set of CPs is different from the set of CPs computed for the combined networks of p53 and NF-κB.
The number of cluster was set to five, and the rest of the parameters were set to default values. Fig. 3 shows the graphical view of the five produced clusters corresponding to five functional modules. Cluster 1 had the largest population with 39 CPs, followed by cluster 2 with 34 CPs. Cluster 3 and cluster 4 had the same number of CPs, which is 14. The smallest cluster was cluster 5 with 5 CPs. Cluster 2 was identified to associate with all the other clusters, and even loosely with cluster 4. Yet, cluster 4 seemingly separates from the other clusters. The diagram shows the complicated relationship among clusters that might not be unveiled by using traditional clustering methods.
We also did the procedure of 3-fold cross validation for evaluating the goodness. Table IV shows the results of 3-fold cross validation obtained by the EM algorithm and the k-means algorithm respectively. The EM algorithm achieved a higher case likelihood (81.3%) than k-means algorithm did (75.6%). In addition to the result of study on the NF-kB and p53 systems, this result confirmed that our proposed methods could discover the functional modules more effectively than hard clustering method. 
IV. DISCUSSION
The validation of the method was performed by analysing the biological relevance of clustered networks. We examined the characteristics of each network described by the probability of 'features data' of CPs in the network.
Studying the biological processes involved in network 3, we found a high number of CPs for three processes 'Signalling in Immune system' (15.58%), 'Gene Expression' (12.27%), and 'Cell Cycle Checkpoints' (10.27%). On further investigation of network 2, we found three main processes: 'Signalling by NGF' (20.41%), 'Cell Cycle, Mitotic' (16.28%), and 'Signalling in Immune system' (15.58%). These results on the functional modules of CPs suggest that the two systems (NF-κB and p53) to essentially effect the signalling and cell cycle processes of the cell, a finding which is in agreement with known characteristics of the transcription factors [3] , [6] -that is to say our method was able to correctly mine data that correctly represents the investigated factors.
We then reconstruct the five produced modules. We extracted the interactions between two CPs inside the clustered network; that is to say, other interactions with proteins outside the cluster were excluded (in Fig. 4) . Network 3 (with 28 nodes and 92 interactions) was the most complex one with high-connected nodes. More than half of proteins in network 3 have a degree value more than 5, three proteins with the highest degree were P04637-Cellular tumor antigen p53 (degree = 21), Q09472 -Histone acetyltransferase p300 (degree = 15) and Q92793 -CREBbinding protein (degree =14). Most of the proteins share several common GO terms, such as signal transduction, interspecies interaction between organisms, cell-cycle, many others. In network 2, more than 87% of the proteins are annotated as transcription proteins and involved in the regulation of the transcription process.
Furthermore, we studied the association between the detected networks and diseases. For network 3, 32.05% of the proteins that are annotated to mediate interactions between a host-virus and to influence resistance and recovery from viral infections. About 31.70% of CPs in this network were associated with diseases causing mutation. For example, CREB-binding protein in network 3 had histone acetylase activity. andchromosomal aberrations involving the gene coding for CREBBP, were shown to be linked to acute myeloid leukemias. Additionally, histone acetyltransferase p300 as the name implies has histone acetyltransferase activity through which it regulates transcription via chromatin remodelling. Defects in EP300 may be associated to epithelial cancer. Chromosomal aberrations involving the gene coding for EP300 may be a cause of acute myeloid leukemias. This brief observation offers the chance to look into the relationship between NF-kB and p53 pathways and reinstates their role in the pathophysiology of various diseases as a consequence of their dis-regulation.
Repeating the same evaluation for the modules between p53, NF-kB and the G1/S phase of the cell cycle systems, the five networks were reconstructed. Fig. 5 visualizes these networks. We found that the biggest network is network 1 due its large number of CPs, in contrast to network 5 with 5 proteins and 3 interactions. Network 4 appears much more dense than network 3, even though they have the same number of nodes. Analyzing the functionality of network 1, there are 35.90% of proteins involved in the regulation of the transcription process. We also found a high number of CPs in network 1 involving in three pathways 'Signalling in immune system' (17.95%), 'Nerve growth factor receptor signaling pathway' (15.39%), and 'Insulin receptor signaling pathway' (12.82%). Attracted by the high-connected topology of network 4, there is a dominant number of proteins performing their functions in transcription regulation (81.82%); and 45.46% of proteins are activators. In network 4, 36.36% of proteins are showed to having at least one variant, responsible for a disease and there is the same number of proteins that are considered involved in direct interaction between the host cell macromolecular machinery and viral proteins. These above analysis show that these functional modules probably play a crucial role in causing diseases.
An important advantage of computational analysis is that it allows the detection of such modules by integrating complex and heterogeneous data. However, it is worthy of note that using computational techniques alone we could not verify the reactions underlying the crosstalk, however, in this report, we provide a theoretical foundations for targeted experimental studies toward potential functional modules. Our method and results suggest some testable biological hypotheses to focus future studies on, and reveal an essential functionality of cross talking networks and their biological relevance. 
V. CONCLUSION
We have proposed a computational method to detect signalling crosstalk modules that potentially function in transducing signals between the NF-κB and p53 pathways, and the G1/S phase of the cell's cycle. The advantage of this method is its ability to efficiently combine various relational data extracted from different data sources. The experimental results demonstrated that our proposed method performs well, especially when the EM algorithm is used. The biological analyses also showed the plausibility of these findings, and put forward several testable hypotheses to which the functional networks are involved in along with their associated human diseases. For future work, we would like to integrate other relational data into the scheme and study further the relationship between the functional modules, diseases and therapeutic targets. The larger experiments with more pathways are prospective to reveal the completely complex mechanisms in systems biology.
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